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Non-technical summary
The successive financial, banking and sovereign debt crises had huge effects on banking credit, especially in Europe. In France, for instance, the flow of bank loans to non-financial firms as a share of GDP decreased by 145 percentage points from mid-2007 to the second quarter of 2009. In a country where small and medium sized enterprises are prevalent, and where roughly two thirds of total non-financial corporate financing is made of bank loans, such a credit collapse had in turn a significant negative impact on economic activity.
This context is reviving research on credit. The recent literature, mainly empirical, generally seeks to find how the credit market has passed the financial shocks on to the real sector. Related papers mainly focus on bank lending rates or on interest rate spreads, while neglecting the flow of loans. Economists, central banks and international institutions did not expect the credit collapse in the wave of the financial crisis. That is why an update of the empirical methods and of the key determinants to consider for explaining and forecasting credit are required.
The objective of this paper is precisely to develop a parsimonious model for explaining and forecasting credit, while gauging the marginal informational content of some simple leading indicators. Additionally, we investigate non-linearity in credit dynamics, having in mind that bank loans activity can change depending on the financial context. Our contribution is original too in that it is applied to the French context, which has been ignored so far in the literature. Last, this analysis deals with a period combining both good times and (financial, banking and sovereign) crises.
First, we find that a simple Vector Error Correction Model (VECM) with explicit long-run supply and demand relationships for loans, which is relevant for other European countries according to the existing literature, is acceptable for explaining credit dynamics in France as well. However, we show that a simple Vector Auto-Regressive (VAR) model provides more accurate loan forecasts. Next, we investigate the marginal predictive power
Introduction
The successive financial, banking and sovereign debt crisis had huge effects on banking credit, especially in Europe. In France, for instance, the flow of bank loans to non-financial firms as a share of GDP decreased by 145 percentage points from mid-2007 to the second quarter of 2009
1 . In a country where small and medium sized enterprises (SMEs) are prevalent, and where roughly two thirds of total non-financial corporate financing is made of bank loans, such a credit collapse had in turn a significant negative impact on economic activity 2 . More than 6 years since the financial crisis began, credit remains a source of concern. In its Global Financial Stability Report of April 2014, the IMF highlighted that "without a flow of new credit, it will be difficult for the euro area to complete its transition from financial fragmentation to integration". However, large European Union banks have continued to deleverage, reducing assets by $2.5 trillion over 2011 are still restructuring their balance-sheets, by substituting capital-intensive businesses and increasing the share of low risks-weighted assets.
This context is reviving research on credit. The recent literature, mainly empirical, generally seeks to find how the credit market has passed the financial shocks on to the real sector 3 . Related papers did not intend to develop macro-econometric models for explaining and forecasting credit. Yet, the financial crisis revealed shortcomings on this point. Typically, the credit collapse in France had not been expected. Economists, central banks and international institutions need more accurate tools in order to forecast credit.
First, it is crucial for policymakers to anticipate business cycles, as it conditions the 1 See figure 1 below.
2 Klein (2014) show that because of tighter credit conditions, EU countries with high shares of SMEs have experienced, on average, a slower output growth over the 2009-2012 period compared to EU members with lower shares of SMEs. These findings coincide with the conclusions of Kannan (2010) for OECD countries and of Kashyap, Lemont & Stein (1994) for the US. As a whole, Gilchrist & Mojon (2014) confirm that credit shocks may lead to sizable contraction in output, increase in unemployment and decline in inflation.
3 Note that a strand of this literature, mainly focusing on the Italian case, also analyses the impact of the sovereign debt crisis on credit conditions. See for instance Zoli (2013) . right timing for their policies. In this respect, a relevant model for credit would improve investment and consumption forecasts. Even more, it would allow anticipating the severity of a forthcoming recession. Indeed, according to a comprehensive study by Jordà, Schularick & Taylor (2011a) , based on more than 200 recession episodes in 14 advanced countries between 1870 and 2008, credit-intensive expansions tend to be followed by deeper recessions and slower recoveries. Cross-sectional analysis focusing on the Great Recession confirmed that the pre-crisis level of credit or credit growth are significant factors for explaining the crisis severity 4 . Second, a better understanding of credit would allow assessing the potential occurrence of credit crunch and credit rationing. This would imply a model that is different from those prevailing in 'normal time'. Therefore, it is worth examining whether some specific indicators (e.g. balance-sheet ratios, spreads, equity prices, ...) could announce episodes of credit collapse. They could act as leading signals for policymakers, indicating regime switching in credit dynamics, or more directly credit crunch.
Next, understanding and anticipating credit dynamics is important for gauging overall financial risk, and the risk of financial crisis in particular. Numerous studies have already highlighted the link between development in credit markets and financial turmoils 5 . This is precisely one reason why Basel III suggests to adjust the capital buffer range above the minimum level normally required 'when there are signs that credit has grown to excessive levels' (BCBS (2010, p.7)). For the same reason, a part of the current abundant research on systemic risk indicators focuses on credit distribution 6 . Therefore, long-lasting deviations of bank loans from their 'normal' path represent an alert, that may be cross-checked with other warning indicators.
Finally, beyond these structural motives, research on credit can be justified by the 4 See Lane & Milesi-Ferretti (2011 ), Cecchetti, King & Yetman (2011 ), Jordà, Schularick & Taylor (2011b ), Feldkircher (2014 .
5 Typically, scrutinizing 14 countries over the years 1870 -2008 , Schularick & Taylor (2012 find that credit growth is a powerful predictor of financial crisis. See also Dermigüç-Kunt & Detragiache (1998), Kaminsky & Reinhart (2000) , Borio & Lowe (2002) , Borio (2014) and Bezemer & Grydaki (2014) .
6 See for instance Babecky, Havranek, Mateju, Rusnak, Smidkova & Vasicek (2012 These points require reliable models for explaining and forecasting credit.
However, the vast majority of the aforementioned papers mainly focus on bank lending rates and interest rate spreads. Attempts to model credit dynamics per se are very scarce.
The most advanced proposals come from Sorensen, Marquès-Ibanez & Rossi (2009) and Calza, Manrique & Sousa (2006) for the euro area, Casolaro, Eramo & Gambacorta (2006) for Italy, and Hülsewig (2003) for Germany. They all rely on Vector Error-Correction Models (VECM). The recent financial, banking and sovereign debt crises require an update of empirical methods and of the key determinants to consider for explaining and forecasting credit. This is precisely the objective of this paper. We seek to develop a parsimonious model for explaining and forecasting credit, while gauging the marginal informational content of some simple leading indicators. Additionally, we investigate non-linearity in credit dynamics. Our contribution is original too in that it is applied to the French context, which has been ignored so far in the literature, and deals with a period combining both good times and crisis. However, it is worth highlighting that the models, the methods and the variables suggested in this paper could be applied to any country.
The rest of the paper is organized as follows. Section 2 is devoted to the development of a parsimonious Vector Auto-Regressive (VAR) model, which constitutes an immediate and intuitive way of modelling dynamic linkages between key variables in explaining the credit dynamics. Section 3 intends to propose an alternative model, namely a Vector Error Correction Model (VECM), in line with the existing literature on aforementioned European 7 countries. The relative forecast accuracy of these two rival models is compared in section 4.
Section 5 exploits the marginal predictive content of a broad set of exogenous indicators.
Section 6 evaluates the advantages and the drawbacks in considering the potential nonlinearity in credit dynamics. Section 7 concludes and suggests some extensions.
A parsimonious credit model
An immediate and intuitive way of modeling dynamic linkages between economic variables consists of developing a VAR model, defined as follows:
with X the vector of three endogenous variables: the flow of bank loans to non-financial firms as a share of GDP (noted LOAN ), the investment rate (noted IN V ), and the real bank lending rate (noted BLR). These variables are supposed to be highly interconnected and to characterize the main conditions on the credit market. W additionally includes two exogenous variables: the real 3-Month Euribor rate (noted EU RIBOR), and the real interest rate on bonds issued by non-financial corporations (noted BON D). The latter allows considering the substitution between banking and market debts. Rendering these interest rates endogenous would be too costly in terms of degrees of freedom, and would also imply considerations that are not crucial regarding the scope of this paper. Finally, According to the ADF tests reported in table 7 in appendix, all the variables are I(1).
However, following Sims, Stock & Watson (1990) , a VAR in levels with I(1) variables can implicitly take the cointegrated relationships into account. In such a case, the estimated coefficients are consistent, and the asymptotic distribution of the estimated parameters remains standard.
The 1995 1996 1997 1998 1999 increase by 0.40 to 0.60 pb at most 7 . According to our IRFs, such an evolution would have limited impact on loans in the short-run. Second, the lower left hand-side plot shows that a one percentage point rise of the loan to GDP ratio triggers an immediate and surprising two quarters drop of the BLR. One explanation can rely on the fact that, for a given nominal bank rate, the increase in loans during an economic boom can coincide with higher inflation 7 See for instance King (2010) and Elliott, Salloy & Oliveira Santos (2012) .
and thus a lower real BLR. Nonetheless, the response of the BLR becomes positive from the third to the ninth quarter following the initial shock, such that the cumulated impact (form the 1st to the 9th quarter) is positive. Next, the upper right-hand side plot indicates that a 0.5 percentage point increase in the investment rate significantly stimulates loans, with a peak of +2% one quarter after the shock. The cumulated impact reaches +4.3%.
In turn, investment is significantly sensitive to loan innovations. As indicated by the lower right-hand side plot, a one-percentage point increase in loans has a two-year positive effect on the investment rate. The cumulated response is somewhat higher than two percentage points. Thus the VAR model is not only econometrically, but economically valid as well.
It is rational to use it for forecasting purposes.
The figure 2 reproduces the one to four quarters ahead dynamic 8 forecasts for LOAN , stemming from the VAR model (in dashed line). As usual, the forecasting errors increase with the horizon. Yet for h higher than two quarters, the predictive power of the model deteriorates, so much so that it appears unrealistic to search for more than 1-year ahead accurate loan forecasts. However, despite the exceptional large swings of loan flows observed from 2007 to 2012, the VAR model manages to offer reliable 1 and 2-quarter ahead predictions. Moreover, according to table 9 in appendix, hypothesis of no bias of the forecast errors, no serial correlation, and efficiency, are not rejected at usual risk levels. So, the VAR model is relevant for forecasting credit.
Nevertheless, as it is common in the literature, it is worth checking whether these forecasts are significantly more accurate than those obtained with alternative models. To this perspective, the next section is devoted to the development of a Vector Error Correction Model (VECM). As previously mentioned, this natural rival model has been used for some other European countries. The main difference with the VAR model is that the VECM explicitly takes the cointegating relationships into account. 
A VECM as an alternative model
Using the same notations as before, the VECM is defined such as
∆ is the difference operator. j,t is a vector of white noise residuals. As usual, we can write Π ≡ ρα , where the columns of the matrix α contain the cointegrating vectors, and the columns of the matrix ρ contain the loading factors. Two long-run relationships are sought in particular. The first one is a long-run credit demand equation, such as:
This equation assumes that the demand for loans is governed by the level of investment, by the cost of credit, and by the cost of private debt securities, a substitute to bank loans. The potential substitution between bank loans and debt securities, depending on the spread between BLR and BON D, is thus modelled. The expected signs are α 1,1 > 0, α 1,2 < 0 and α 1,3 > 0.
The other expected long run equation is an inverted supply function of bank loans given by:
According to this equation, the bank lending rate in the long run is given by the short term interest rate plus a positive constant term α 2,0 . It is common in the literature on the financial accelerator to consider the latter as an external financial premium, depending on the characteristics of the borrower. This relation matches the credit supply function of Oliner & Rudebusch (1996) and Bernanke, Gertler & Gilchrist (1999) for instance. According to the bank capital channel, the external financial premium should also be related to the balance sheet structure of banks (Levieuge (2009 ), Meh & Moran (2010 ). The lower their capital, the higher their external financing cost, which banks ultimately pass on to the firms' credit standards. Gambacorta & Mistrulli (2014) have recently confirmed that firms borrowing from banks endowed by large capital buffers had been less affected by the financial crisis.
In sum, the LOAN equation of the VECM is given by:
with LRR1 and LRR2 referring to the long-run relationships (2) and (3), respectively 9 .
The VECM is estimated over the 1994Q1 -2013Q3 period. The order p is set to 3 according to the Akaike criterion. The results of the Johansen's trace test are reported in table 10 in appendix. Two cointegrating vectors are found, at the 5% level (including with the Bartlett correction for small sample). The free estimation of α suggests that these two cointegrating vectors could match LRR1 and LRR2. However, such an identification requires several constraints, as the long run cointegrating relations of the VECM spontaneously depend on all the variables W of the model, such that:
First, the constraints required for (5) and (6) to match equations (2) and (3), respectively, imply the nullity of several coefficients (α 1,4 = α 2,1 = α 2,2 = α 2,3 = 0). Furthermore, the long-run value of the premium in equation (3), namely α 2,0 , is set to 0.80. This corresponds to the mean value of the BLR-Euribor spread over the sample period. Last, the long-run elasticity of loans to investment (α 2,4 ) is assumed to be equal to one 10 .
According to the results that are reported in table 1, the constraints are simultaneously not rejected at the usual risk levels. Moreover, all the unconstraint coefficients have the expected sign. So, in terms of identification of the long-run relationships, the VECM previously developed in the literature for Germany, Italy and the euro area seems to be
10 It is frequent in the literature to find a coefficient higher than one. This is usually attributed to missing variables, but no evidence have been provided to date. We have a credible explanation. Indeed, data from the quarterly flow of funds accounts indicate that non-financial corporations' total debt usually exceeds their net borrowing. As it can be seen in an additional appendix, available upon request, this was clearly the case in 2002 and over the 2006-2008 period. The gap can be filled by the financing of foreign direct investment (FDI). Thus FDI might be considered as a determinant of bank loans. However, the time dimension of available FDI data is too short for running reliable VAR or VECM estimations. This point is to be considered a an extension.
14 relevant for France as well. (-18 .50) 0.800 -H0 : The constraints are not rejected: χ 2 (5) = 9.17 with P-Value = 0.088 Finally, the examination of the IRFs confirms the dynamic consistency of the VECM 11 .
Thus, this model gives a good fitting of actual bank loans, while ensuring consistent theoretical background.
Comparing the two models
There is a conventional wisdom according to which, if the variables are cointegrated, imposing their long-run relationships can produce substantial improvements in forecasts over long horizons. In this line, Engle & Yoo (1987) find that an unrestricted VAR model does better than an error-correction model for short-run forecast horizons. Fanchon & Wendel (1992) also conclude to the superiority of VAR models. However Christoffersen & Diebold (1998) find that explicit cointegration relationships do not necessarily improve long-horizon forecasts. Surprisingly, they would be instead helpful for short-horizon forecasting. All in all, the improvement in forecasting power while imposing cointegration restrictions depends on the strength of the cointegration relationships (Duy & Thoma (1998) ). So, whether a VAR model (in levels) is better or not than a VECM is not a foregone conclusion and should be checked on a case-by-case basis. Thus, the loan forecasts from a VECM -such as those usually used in this literature -are significantly less accurate than those stemming from a simple VAR model in levels.
Nonetheless, the figure 2 also indicates that the performances of the (deliberately parsi- Third, we consider two consolidated banking data, which are important regarding to the bank capital channel: the capital-to-asset and liquidity-to-asset ratios.
Fourth, risk perception is likely to explain credit. Risk indicators may then refine LOAN forecasts. The candidates on this point are: the default probability for non-financial corporations, the Expected Default Frequency for firms and for banks, and the CDS premium for banks. They all proved to be important to gauge the tensions on the financing terms during the crisis. Asset Swap Spreads for all rated and for only BBB-rated european non-financial firms are also considered. They constitute an alternative credit risk measure which can lead the information stemming from the CDS market (Mayordomo, Peña & Romo (2011) ).
Moreover, we will be interested by two spreads that are viewed as proxies of the risk pre- sheet size, will be analyzed.
Sixth, as usual in this literature (Stock & Watson (2003) ), we will take an interest on the marginal predictive content of the following asset prices: the quarterly growth rate of housing prices, the quarterly growth rate of the French equity index CAC40, and the term spread (10-year OAT minus 3-month Euribor rates).
Seventh, we will evaluate the impact of uncertainty. Valencia (2013) Last, various original indicators that may be informative under credit rationing are considered. On the one hand, a 'MIX' variable is computed, in line with Kashyap, Stein & Wilcox (1993) . This variable is defined as the ratio of bank loans on total short-term external finance. A decrease in this ratio is supposed to signal credit rationing 15 . While the denominator of the original MIX is only made of bank loans and commercial paper, we think that commercial credit is worth being considered too, as it becomes ineluctable in case of cut in the two other ways of financing 16 . The MIX is thus exactly defined as bank loans / (bank loans + commercial paper + commercial credit). The figure 7 in appendix indicates that bank credit decreased more dramatically than its substitutes from 2008 to 2013.
On the other hand, on can imagine that a constrained entrepreneur, if any, moves heaven and earth to find cash, and notably searches for a solution in the Internet. The occurrences of several French keywords like 'crédit trésorerie' (corresponding to 'cash credit'), 'financement court terme' ('short financing'), 'crédit court terme' ('short run credit'), 'délais paiement' ('extended payment terms'), and 'crédit PME ' ('loans for SMEs') may be realtime indicators of search for financing. Such occurrences are delivered by Google Trends 17 .
The five series corresponding to the aforementioned expressions are labeled Google T1 to Google T5, respectively. According to the figure 7, they all indicate that researches about short term financing on Google was intensive in 2008. In line with the credit collapse 15 From this point of view, Becker & Ivashina (2014) recently used firm-level data to compute such an indicator. They find in particular strong evidence of substitution from loans to bonds when credit standards are tight.
16 According to the Banque de France, the late payment reached 13 and 9 billions of euros for the SMEs and the intermediate size companies, respectively, at the end of 2011. In 2012 and 2013, only one third of the firms had timely paid their suppliers.
17 Google Trends does not deliver the absolute number of researches for a given expression, but a relative index scaled between 0 (no research registered) and 100 (maximum audience). Data are available on a monthly frequency. Transformation to quarterly frequency is made the basis of the maximum value of any Google Trends variable over the three months constituting the quarter. Transformation based on the mean values gave similar results in terms of incremental forecasting power. observed in figure 1 and the evolution of the MIX variable, this observation tends to validate the hypothesis according which the Google trends are fair indicators of liquidity need.
Finally, they all suggest that credit has still been a concern since 2009.
Assessing the incremental predictive content of these exogenous indicators
These additional indicators, noted Z, successively enter the LOAN equation of the VAR.
As most of them are not available before the early 2000, the LOAN equation can not be re-estimated on the basis of their respective starting date. So, the coefficients for Z are obtained by regressing the residuals e LOAN of (1) on the past values of Z, such that: Table 3 reports the results that we obtain with the Bank Lending Survey indicators.
MSE(VAR) / MSE(VAR+Z)
Some of them significantly improve the forecasts, but only for one or two horizons. This is the case for the BLS credit standards, for the indicator of banks' margins on risky loans and for the indicator of collateral requirements. Finally, in line with Levieuge (2014) , the BLS loan duration indicator is the only one to improve the forecast accuracy for h = 1 to h = 4. Covered, the Google T4 indicator, the LTRO and SIZE variables, and for the bank's liquidity-to-asset ratio.
Only three indicators deliver significant incremental information for h = 1 to h = 4: the growth rate of the CAC40 index 18 , the Expected Default Frequency of firms (which is based on stock market information), and the interest rate on covered bonds 19 .
The figure 3 illustrates the benefits associated with these three variables and with the BLS duration indicator. The first column of plots indicates that the growth rate of CAC40 Note that the growth rate of equity prices has a substantial advantage in that it can be freely and easily computed in real-time. At the opposite, forecasts relying on EDF N F C, on BLS indicators, or on covered bonds would make the forecaster dependent on external publication and calendar. Moreover, the reasons why the CAC40 is a fair leading indicator can be theoretically explained. Asset prices are basically forward-looking. They are supposed to contain information on ongoing economic environment, and then to affect credit demand. The influence of equity prices on credit is also due to supply-side mechanisms.
First, stock prices are supposed to be representative of future cash flow, assimilated to the 18 In this respect, Krainer (2014) recently found that stock prices Granger cause Euro area bank lending.
19 As a robustness check, loan forecasts have been made with only the augmented LOAN equation of the VAR, namely considering the true values of IN V and BLR, instead of their dynamically simulated values. The exercice is less discriminant as forecasts errors for the endogenous variables of the system do not cumulate. Nonetheless, such an univariate framework allows applying the bootstrapped method suggested by Clark & McCracken (2012, p.55) for testing forecast accuracy in case of nested models. The results are unchanged, in the sense that the indicators improving loan forecasts accuracy in our multivariate framework are also found to significantly improve the quality of forecasts in the univariate framework with simulated probability distributions. net wealth of firms and considered as a proxy of the balance-sheet quality of borrowers in the abundant literature on the financial accelerator. Second, with the financial deregulation, French banks became more vulnerable to financial cycles. Any financial shock has an impact on the asset side of their balance sheet (i.e. on their securities portfolio and in turn on their retained earnings), as well as on the liability side that is subject to capital requirement. So, equity prices may be a good proxy for the banks' balance sheet quality, which in turn influences credit standards, according to the bank capital channel theory.
The financial accelerator and the bank capital channel describe non-linear channels, according to which negative shocks have higher effects than positive ones, in particular in a deteriorated economic and financial context. This suggests switching regimes in the evolution of credit, depending on a threshold variable. This possibility is investigated in the next section.
6 Investigating nonlinear credit dynamics 6.1 Threshold VAR methodology and estimation
The hypothesis tested in this section is the following: the model governing the evolution of credit is not the same whether the financial context is good or bad. In other words, the influence of the determinants of credit changes with the financial context. In line with the models used so far, this assumption is investigated through a Threshold VAR (TVAR) model, following the methodology suggested by Balke (2000) . This model allows to endogenously generate regimes shifts, depending on the value τ of a threshold variable V .
The TVAR model is defined as:
with X representing the vector of the endogenous variables (LOAN, BLR, IN V, dCAC).
W additionally includes the two exogenous variables BON D and EU RIBOR. A and B are lag polynomial matrices and U the disturbances. According to the results of the previous section, and given the availability of the data, the growth rate of the CAC40 (dCAC) is considered as the potential threshold variable V . I (V t−d > τ ) is an indicator function that equals 1 when V t−d > τ , and 0 otherwise, so defining the upper and the lower regime, respectively 20 . Next, equation (7) As usual, the transition variable is a q-quarter moving average of V , in order to avoid untimely regime switching. See Balke (2000) and Avdjiev & Zeng (2014) for instance. This is all the more justified when V is a volatile variable as equity prices. q is set to 3 in the current investigation.
21 Due to parsimony concerns, the results of the TVAR estimates are not reported here, but they are available upon request in an additional appendix. 
Forecasting with the TVAR model
The TVAR is now used to generate credit forecasts. The latter will be compared with the output of the baseline VAR model and especially those of the VAR model augmented with dCAC. As a first evaluation, we consider that I(.) in equation (7) is perfectly known.
This means that the future upper and lower regimes are correctly identified, in perfect compliance with the shaded parts of the figure 4. 
Concluding remarks
The aim of this paper was to develop and compare parsimonious models, incorporating possibly leading indicators, to explain and forecast credit to non financial companies. This framework is applied to the French case, during calm periods as well as situations of crisis.
To our best knowledge, this is the first attempt to model credit dynamics for France.
The results first indicate that a VAR model with variables in levels generates more accurate credit forecasts than the VECM previously developed for other European countries. Second, beyond the financial, banking and economic variables that have been widely analyzed, surveyed and commented since 2008, we find that very few of them are useful for improving credit forecast accuracy. Among these useful additional exogenous variables, the growth rate of CAC40 appears to be the most interesting leading indicator. This can be theoretically justified. Stock prices represents for future cash flow, a fair proxy of the borrowers' balance-sheet quality according to the literature on the financial accelerator.
The lower the equity prices, the higher the external financial premium that firms must bear and hence the lower their borrowing capacity. Moreover, any change in equity prices affects both the liability and the asset side of banks' balance-sheets. According to the bank capital channel theory, any decline in asset prices depreciates the value of banks' securities portfolio and decreases their retained earnings. The resulting fall in their own equity capital leads the banks to tighten credit conditions and/or to diminish credit supply.
These theories describe nonlinear mechanisms. We have therefore considered switching regimes in credit dynamics, depending on the evolution of equity prices. Tests and estimations based on a Threshold VAR (TVAR) model confirm that the growth rate of CAC40 constitutes a significant transition variable for explaining shifts in credit dynamics. However, concerning forecast accuracy, the TVAR model is not significantly better than the VAR model augmented with equity prices. Indeed, the nonlinear model fails to accurately predict the right regime (i.e. to forecast the threshold variable).
Further investigation should look deeper into the non-linear hypothesis. Certainly, the TVAR model used in this paper is initially devoted to explain credit, not equity prices.
A possible extension would consist of searching for another -external -model specifically designed for forecasting the switching from a regime to another. Moreover, some single indicators among the ones considered in section 5 could be relevant threshold variables, although they are not significant leading indicators.
Furthermore, we think that it would be interesting to consider foreign direct investment (FDI) as an additional determinant of credit demand. Unfortunately, the short time dimension of available FDI data prevents a VAR model to be fairly estimated. A Bayesian VAR would then be a solution, all the more that such a method allows for the density forecast of any variable to be easily updated as new information becomes available.
Finally, while this paper is devoted to the French case, the methods used can be applied 30 to any country. It would be interesting for example to investigate whether the indicators of credit rationing are more relevant in European periphery countries than they are in
France. More generally, among the large set of potential leading and threshold indicators we focus on in this paper, some are likely to be significant in some countries but insignificant in others. This should depend on the way the financial crisis impacted the considered countries. For instance, the 10-year sovereign bond rate had probably been more decisive in some peripheral Eurozone countries than in France or Germany. Differences in results will ultimately depend on structural characteristics, which determine the sensitivity of borrowers and lenders' balance sheet structures to financial and real shocks. 
31

